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Abstract

Cherry shrimp (Neocaridina davidi) are a popular ornamental freshwater species known
for their bright colors and ability to thrive in a variety of tank environments. However,
due to their small size and the subtle differences between males and females, it can be
challenging to determine their sex. A You Only Look Once Version 9 (YOLOv9) object
identification model and a Raspberry Pi 4-based system are used in this study to infer and
classify the sex of cherry shrimp. A graphical user interface facilitates image collection
and classification and displays the results. We developed a Raspberry Pi 4-based device
with a camera module that captures images of cherry shrimp and integrated a DynamicDet
architecture with Programmable Gradient Information and Generalized Efficient Layer
Aggregation Networks to classify the sex of cherry shrimp. We evaluated the performance
of the model using a confusion matrix to measure the accuracy of the sex classification.
A confusion matrix was used to assess the collected data, and the system achieved an
accuracy of 85.00%. The researchers suggest expanding the dataset to include more color
variations, focusing on adding more robust male shrimp datasets, enabling the device to
function without an enclosure, and updating the technology for faster inference.
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1. Introduction
Cherry shrimp (Neocaridina davidi) is a popular freshwater shrimp known for its bright

colors and ability to thrive in a variety of tank environments [1,2]. Their ease of care
and algae-cleaning habits make them a favorite among aquarium hobbyists and breeders.
However, distinguishing between male and female cherry shrimp remains a challenge.
These shrimps are small. They measure within 1.5 to 2.0 cm in length, and the physical
differences between sexes can be subtle, especially in higher-grade color variants where
males and females often share similar hues [2,3]. For breeders aiming to manage their
cherry shrimp population, being able to accurately tell their sex is essential.

Typically, female cherry shrimp are more vibrant in color, have a rounded underbelly,
and may carry a visible “saddle” that indicates egg development. Males, on the other
hand, tend to be slimmer, smaller, and less colorful [3]. Techniques in object detection
and classification have shown promise in identifying small and similar-looking figures
by improving image quality and feature recognition [4]. One of the most promising
tools is the You Only Look Once (YOLO) algorithm. YOLO has already been applied to
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various fields, including animal detection, plant disease classification, and even mosquito
sex identification [5–7]. YOLOv9 introduces techniques including Generalized Efficient
Layer Aggregation Networks (GELAN), Programmable Gradient Information (PGI), and
DynamicDet head, which enhance its ability to handle small and complex objects [8–10].
These methods have already been applied to tasks involving small objects where manual
identification is unreliable, such as identifying rice grains [11]. In other related studies,
YOLO-based models have been used successfully in detecting insect species [12], classifying
fish sex [13], and identifying shrimp posture [14], showing that such models can generalize
well to small aquatic organisms. Furthermore, researchers have shown that preprocessing
techniques improve detection performance by enhancing features like shape, edges, and
color intensity [4,15]. Image processing algorithms are especially useful when dealing with
visually similar objects, since they present key differences used in classification [5].

Due to the cherry shrimp’s small size, differentiating their sexes is difficult, as the only
way to determine their sex differences is through examining their physical characteristics,
such as body size, shape, and color intensity. Modern object detection algorithms such
as YOLO have been applied to object classification of other small organisms but have not
yet been applied to cherry shrimp sex identification. This presents a gap that is available
for solutions.

Therefore, we developed a Raspberry Pi 4-based device with a camera module that
captures images of cherry shrimp by integrating a DynamicDet architecture with PGI and
GELAN to classify the sex of cherry shrimp. We evaluated the performance of the model
using a confusion matrix to measure the accuracy of the sex classification. The system
combines image processing techniques, such as Open-Source Computer Vision Library
(OpenCV)’s unsharp mask and gamma correction functions, with object detection for faster
and more accurate sex identification. A graphical user interface (GUI) allows users to
interact with the device, capture images, and view results, making it useful for researchers,
breeders, and visually impaired people.

2. Materials and Methods
2.1. Research Methodology

We developed and evaluated a device capable of classifying the sex of Neocaridina
davidi. A Raspberry Pi 4 equipped with a 12-megapixel Camera Module 3 by Raspberry
Pi Ltd., manufactured at Pencoed, Wales, UK, was used to capture images of red, yellow,
and blue cherry shrimps from various angles, ensuring that the dataset reflected realistic
conditions found in breeding tanks [4,15,16]. A confusion matrix was used as the primary
statistical method to measure true positives (TP), true negatives (TN), and misclassifications
for each sex category. The accuracy of the system was calculated using the confusion matrix
to determine how effectively the device identified male and female shrimps [16,17].

2.2. Hardware Components

Figure 1 illustrates the Hardware Block Diagram of the system. The system uses a
Raspberry Pi 4, a Raspberry Pi Camera Module V3, and a 4.3 in Waveshare Touchscreen
Display Serial Interface LCD by Waveshare, manufactured at Shenzhen, China. The camera
module is the input device to capture images of cherry shrimp for object detection. The
cherry shrimp sex detection model is processed on the Raspberry Pi 4. To control the
system, a graphical user interface (GUI) is used to control the camera to capture a clear
photo to be inferred on the pretrained YOLOv9 cherry shrimp sex detection model. The
4.3 Touchscreen LCD allows users to interact with the GUI, as well as display the results of
the inference. A power supply provides power to all the components, and the system is
stored on an SD card in the Raspberry Pi 4.
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Figure 1. Hardware components.

2.3. Software Development

The program is designed to run on a Raspberry Pi 4 and begins by initializing the
GUI and loading the trained YOLOv9 model. During initialization, it hides GUI elements
to set up for the camera preview mode. During the camera preview mode, the system
outputs a video feed from the Raspberry Pi Camera Module 3. Users can adjust the focus
or run autofocus continuously to capture a clearer image. When an image is captured,
it is processed using OpenCV’s unsharp_mask and gamma_correction_bright functions.
The YOLOv9 classification model, which has been trained to distinguish between male
and female cherry shrimps based on visual traits like size, body shape, and color, runs an
inference on the processed image. The sex prediction is then displayed on the touchscreen
interface with a bounding box and label, giving immediate feedback to the researchers.
After viewing the result, the researchers can either capture a new image to repeat the
process or end the session. This loop allows for continuous use of the system, making it
easy to scan multiple shrimp in one session.

2.4. Data Gathering

A container is filled using water sourced from the shrimp’s original holding tank to
minimize stress and ensure that the shrimp maintains natural coloration and behavior
during data collection. Individual cherry shrimps of red, yellow, and blue color variants
were placed in the container, one or two at a time, in a well-lit enclosure to ensure clarity in
image capture. Using the Raspberry Pi Camera Module 3, images were captured through a
GUI. Images of the same cherry shrimp in different positions were taken to help the model
learn to recognize the shrimp from different angles. The sex of each shrimp was manually
verified and labeled for use in model training and validation. Images were organized into
appropriate folders by sex category.

2.5. Model Training and Testing

The dataset is composed of 23,039 self-captured images of 90 shrimp in red, blue, and
yellow variations in different positions, to train and validate a YOLOv9-based detection
model. The YOLOv9 detection model is trained on 17,919 self-captured cherry shrimp
images, augmented to increase the training set to 53,633 images. These images were taken
in the enclosure, using the container of the final system to ensure that the model is trained
on real-world use cases. Each sample’s predicted sex classification was compared against
its actual sex. Figure 2 shows sample images captured.

  

(a) (b) 

Figure 2. Sampled captured cherry shrimp images: (a) female cherry shrimp; (b) male cherry shrimp.
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3. Results and Discussion
We split the dataset into a training set and a test set. A total of 20 cherry shrimps were

used to procure the 20 images of cherry shrimps. This test set was used to evaluate the
performance of the system. Due to the heavier nature of the YOLOv9 version used, the
inferences are rather long, with 10 to 15 s before getting the results. We focused on accuracy
over speed. The images taken by the GUI are 1920 × 1080 pixels. To take these photos, we
utilized the libcamera Python 3.14 library to leverage the Raspberry Pi Camera Module
3. The GUI enables users to control the clarity of the image with the focus controls and
whether to use the image processing. The inference with image processing from a female
cherry shrimp is shown in Figure 3. The cherry shrimp is highlighted by the bounding box,
with a label of the predicted sex. The GUI shows a label at the bottom of the image, with
the list of instances, their labels, and their confidence percentage.

 

Figure 3. System GUI.

The confusion matrix illustrates the validation data (Table 1). The system correctly
predicted male cherry shrimps and female cherry shrimps. However, the female cherry
shrimp predictions were predicted as male cherry shrimps.

Accuracy =
TP + TN

TP + TN + FP + FN
× 100% (1)

Table 1. Confusion matrix.

Observation
Predicted

Male Female

Male 2 3

Female 0 15

To evaluate the accuracy of the trained YOLOv9 model, we referred to the data
presented in the confusion matrix. By summing the correct predictions (true positives
and true negatives) and dividing this value by the total number of predictions made (true
positives, true negatives, false positives, and false negatives), then multiplying the result
by 100, we obtained an overall accuracy of 85.00%. This level of accuracy demonstrates
that the system is both reliable and effective.

4. Conclusions
We developed a system capable of inferring the sex of cherry shrimps with red, blue,

and yellow color variations using the YOLOv9 model, enhanced by OpenCV functions such
as unsharp masking and gamma correction. The system fulfills the first research objective
by employing a Raspberry Pi 4 and a Raspberry Pi Camera Module 3 to capture images
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of cherry shrimps. This process is facilitated through a Python-based GUI program that
captures and processes the images. GUI integrates a YOLOv9 model trained to detect and
classify cherry shrimps according to sex. The use of YOLOv9 satisfies the second research
objective, as it is a DynamicDet architecture that incorporates PGI and GELAN techniques.
To support the collected data and achieve the third research objective, we employed a
confusion matrix. This matrix provides a visual representation of the data and serves as
a quantitative tool to assess the system’s ability to detect and classify the sex of cherry
shrimps. The evaluation results confirm that the system achieves an accuracy of 85.00%,
thereby validating its effectiveness in meeting the research objectives.
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